Abstract. The Library of Babel, described by Jorge Luis Borges, stores an enormous amount of information. The Library exists ab aeterno. Wikipedia, a free online encyclopaedia, becomes a modern analogue of such a Library. Information retrieval and ranking of Wikipedia articles become the challenge of modern society. While PageRank highlights very well known nodes with many ingoing links, CheiRank highlights very communicative nodes with many outgoing links. In this way the ranking becomes two-dimensional.
Introduction
The Encyclopédie [1] accumulates the available human knowledge making it accessible to all citoyennes. In this way the Encyclopédie becomes one of the most powerful catalysts of modern development of science and society [2] . This process of knowledge transfer becomes enormously accelerated with the appearance of Wikipedia [3] , a free online encyclopaedia, which current size overcomes 6 millions English entries [3, 4] . Wikipedia comes close to Encyclopaedia Britanica [5] in terms of the accuracy of its science entries [6] overcoming the later by far in an enormous amount of available information. The classification and ranking of this information becomes the great challenge. The statistical analysis of directed network generated by links between Wikipedia articles [7, 8, 9] established their scale-free properties showing certain similarities with the World Wide Web and other scale-free networks [10, 11, 12, 13, 14] . Here we apply a two-dimensional ranking algorithm, proposed recently [15] , and classify all Wikipedia articles in English by their degree of communication and popularity. This ranking allows to select articles in a new way, giving e.g. more preference to communicative and artistic sides of a personality compared to popularity and political aspects stressed by the PageRank algorithm [16] . With a good reliability the ranking of Wikipedia articles reproduces the well established classifications of countries [17] , universities [18] , personalities [19] , physicists, chess players, Dow-Jones companies [20] and other categories.
The paper is composed as follows: in Section 2 we describe CheiRank and PageRank algorithms and apply them for two-dimensional ranking of Wikipedia articles, in Section 3 the results of such a ranking are discussed for various categories of articles, discussion of findings is given in Section 4.
CheiRank versus PageRank
At August 18, 2009 we downloaded from [4] the latest English Wikipedia snapshot and by crawling determined links between all N tot = 6855098 entries. We keep for our study only entries which are linked with other entries and eliminate categories from consideration. After that we obtain a directed network of N = 3282257 articles. The multiplicity of links from one article to another is taken into account. The distributions of ingoing and outgoing links are well described by a power law w in,out (k) ∝ 1/k µin,out with the exponents µ in = 2.09±0.04 and µ out = 2.76±0.06 (see Fig. 1 ) being in a good agreement with the previous studies of Wikipedia [7, 8, 9] and the World Wide Web (WWW) [14, 21, 22] .
Due to the similarity with the WWW it is natural to construct the Google matrix of Wikipedia using the procedure described in [16, 14] :
where the matrix S is obtained by normalizing to unity all columns of the adjacency matrix, and replacing columns ln P, with zero elements by 1/N , N being the network size. The damping parameter α in the WWW context describes the probability to jump to any node for a random surfer. For Wikipedia this parameter can describe the probability to modify an article that affects the overall ranking. The value α = 0.85 gives a good classification [14] for WWW and thus we also use this value here. The matrix G belongs to the class of Perron-Frobenius operators [14] , its largest eigenvalue is λ = 1 and other eigenvalues have |λ| ≤ α. The right eigenvector at λ = 1 gives the probability P (i) to find a random surfer at site i and is called the PageRank. Once the PageRank is found, Wikipedia articles are sorted by decreasing P (i), the article rank in this index K(i) reflects the article relevance. The PageRank dependence on K is well described by a power law Fig. 2 ) with β ≈ 0.9 that is consistent with the relation β = 1/(µ in − 1) corresponding to the proportionality of PageRank to its in-degree w in [14] .
In addition to the PageRank, following the approach to Linux Kernel procedure call network proposed recently by Chepelianskii [15] , we also consider the ranking of articles obtained from the conjugated Google matrix G * . This matrix is built from the adjacency matrix where all link directions are inverted to opposite. After this inversion the Google matrix G * is consructed in a usual way using α = 0.85. The eigenvector P * (i) of G * at λ = 1, introduced in [15] , allows to chercher l'information in a new way and we call it CheiRank. English spelling of this term sounds as Russian phrase which translation is "whose rank". CheiRank gives additional ranking of articles in decreasing order of P * (i) with rank index K * (i). Our data, shown in Fig. 2 , give a power law dependence P * ∝ 1/K * β with β ≈ 0.6 corresponding to the relation β = 1/(µ out − 1) similar to the one found for the PageRank. Both ranks are normalized to unity. Now all articles (or nodes) can be ordered in decreasing monotonic order of probability of PageRank P (i) or in decreasing monotonic order of probability of CheiRank P * (i). In this way the ranking of nodes becomes twodimensional so that each node i has both CheiRank K * (i) and PageRank K(i) (see Figs. 3,4) . Such a ranking on 2D plane (K, K * ) takes into account a combined effect of ingoing (for PageRank) and outgoing (for CheiRank) links. The usual PageRank is obtained by projection of all nodes on horizontal axis of K and the ranking only by outgoing links via CheiRank is obtained by projecting all nodes on Fig. 3 , 34 green and red points show distribution of chess players, world champions are marked in red. Right panel shows density distribution of N = 3282257 articles obtained with independent probability distributions generated by P and P * given by the dependence from Fig. 2 . Color choice is as in Fig. 3 . the vertical axis of K * . The data show that there are no articles which have small K and K * values simultaneously. We will discuss the rich properties of 2D ranking below in more detail.
While PageRank characterizes a degree of knowledge and popularity of a given site i, CheiRank highlights its communication, influence and connectivity degree. These ranks have certain analogy to authorities and hubs appearing in the HITS algorithm [23] but the HITS is query dependent while the rank probabilities P (i) and P * (i) classify all sites of the network. With these two qualitatively different characteristics the ranking of sites becomes twodimensional (2D).
The density distribution W (K, K * ) = dN i /dKdK * of Wikipedia articles N i in the plane (ln K, ln K * ) is shown 
* is computed over equidistant grid in plane (ln K, ln K * ) with 100 × 100 cells, color shows average value of W in each cell, the normalization condition is K,K * W (K, K * ) = 1. The densities obtained from the product of independent probabilities of P and P * generated by the distributions of Fig. 2 give very different density W (K, K * ) with W being homogeneous along lines ln K * = − ln K + const. At large values of K, K * the distribution W (K, K * ), obtained from independent probabilities, is constant, apart from small fluctuations, since the measure is given by dKdK * is homogeneous (see dotted curves in Fig. 5 and right panel in Fig. 4) . However, at small values of K, K * the cells, which size decreases with K, K * , start to have small number of articles per cell ( 1) and fluctuations give nonhomogeneous behavior of W (K, K * ). In contrast to the Linux network [15] , the Wikipedia network has a maximum of density along the line ln K * ≈ 5 + (2 ln K)/3 that shows a strong correlation between P and P * (see Figs. 3,4) . Indeed, for Wikipedia we find that the correlator κ between PageRank and CheiRank probabilities P (i) and P * (i) is rather high:
This value is much larger than for the Linux network where κ ≈ −0.05. Due to these correlations the distribution W (K, K * ) is absolutely different from the one given by independent product probabilities for PageRank index K and CheiRank index K * which is homogeneous along lines ln(K * ) + ln(K) = const (see Fig. 4 (right panel) and Fig 5) . Indeed, the real density of articles W (K, K * ), taken along a given η−line in the plane (ln K, ln K * ), is log-normal and has a Gaussian form with a certain width as it is shown in Fig. 5 .
The value of correlator κ for Wikipedia is comparable with the one of Cambridge University network (κ = 3.79 [15] ) but the probability distributions are different. Dependencies of the correlator κ on damping parameters α and α * are shown in Fig. 6 (here α * is the damping parameter for the Google matrix G * with inverted direction of links). For all realistic values of α and α * the correlator remains larger than unity showing that the correlation between CheiRank and PageRank is a robust feature of the Wikipedia hyperlink network.
From a physical view point a positive value of correlator κ marks the tendency to have more outgoing and ingoing links between certain sets of nodes. This property is clearly visible for Cambridge University network, as discussed in [15] , and for Wikipedia network discussed here. On the other side small or negative values of κ correspond to anti-correlation between ingoing and outgoing links, that looks like an effective repulsion between them. Such a situation appears in the Linux Kernel network [15] . Future more detailed studies of this correlator should be done for other types of networks to understand its properties in a better way.
Ranking of selected categories
The difference between PageRank and CheiRank is clearly seen from the names of articles with highest rank (detailed data for all ranks and all categories considered are given in Appendix and [24] Clearly PageRank selects first articles on a broadly known subject with a large number of ingoing links while CheiRank selects first highly communicative articles with many outgoing links. Since the articles are distributed in 2D they can be ranked in various ways corresponding to projection of 2D set on a line. The horizontal and vertical lines correspond to PageRank and CheiRank.
We also introduce 2DRank K 2 (i) to characterize mixed effect of CheiRank and PageRank. The list of K 2 (i) is constructed by increasing K → K + 1 and increasing 2DRank index K 2 (i) by one if a new entry is present in the list of first K * < K entries of CheiRank, then the one unit step is done in K * and K 2 is increased by one if the new entry is present in the list of first K < K * entries of CheiRank. More formally, 2DRank K 2 (i) gives the ordering of the sequence of sites, that appear inside the squares [1, 1; K = k, K * = k; ...] when one runs progressively from k = 1 to N . In fact, at each step k → k + 1 there are tree possibilities: (i) no new sites on two edges of square, (ii) only one site is on these two edges and it is added in the listing of K 2 (i) and (iii) two sites are on the edges and both are added in the listing K 2 (i), first with K > K * and second with K < K * . For (iii) the choice of order of addition in the list K 2 (i) affects only some pairs of neighboring sites and does not change the main structure of ordering. This 2DRank algorithm is illustrated in Fig. 7 by a toy example.
Wikipedia articles with highest 2DRank are 1. India, 2. Singapore, 3. Pakistan. Thus, these articles are most known/popular and most communicative at the same time. We note that the ranking of Wikipedia articles by PageRank and HITS authorities has been discussed in a literature (see e.g. [25, 26] ) but 2D analysis was never done before.
To understand the properties of three ranks K, K 2 , K * in a better way we consider the three main categories of articles about countries, universities and personalities. The locations of 100 top internationally established ranks, taken according to [17, 18, 19] respectively, are shown in the Wikipedia rank plane (ln K, ln K * ) in Fig. 3a ,b,c. In average the points are distributed along the band of maximal density of W in this plane. The same is valid for Dow-Jones companies (Fig. 3a) and physicists (Fig. 3d) taken from the Wikipedia List of physicists (with few additions). We also show 100 top countries (Fig. 3a) , 100 top universities (Fig. 3b) according to 2DRank and 100 top personalities according to PageRank and CheiRank (Fig. 3c) . Distribution of chess players is shown in left panel of [19] . Colors mark Wikipedia PageRank K (blue), 2DRank K2 (green) and CheiRank K * (red). In (a) the order of top 100 countries is the same for 2DRank and CheiRank; in (b) the gray dotted curve shows also f for the rank given by advanced Google search of a word university in the Wikipedia English domain at May 19, 2010. K 2 = 1082, K * = 14298), physicists (K = 505, K 2 = 1202, K * = 7622) and chess players (K = 23903, K 2 = 5354, K * = 35670). Such an ordering of these categories corresponds to a natural influence proportional to an effective size of categories (e.g. countries are larger than universities, which are larger than personalities etc.). Pleasantly enough, from the point of Wikipedia ranking, universities are much more influential than Dow-Jones companies. At the same time it is interesting that for chosen categories the communicative power measured by CheiRank is most high for personalities.
We discuss the main features of three ranks K, K 2 , K * starting from countries. The first three countries are 1. and first K s countries according to K, K 2 , K * ranking. The dependence f (K s ) is shown in Fig. 8a . We see that the Wikipedia PageRank reproduces in average about 80% of top countries selected by [17] . CheiRank and 2DRank do not reproduce the initial values of rank [17] but reach around 70% at maximum K s = 100. Indeed, CheiRank and 2DRank place at the top countries which are not so authoritative as United States but which are strongly connective due to historical (e.g. Egypt is at position 13) or tourist reasons (e.g. Thailand at , Malaysia at 7). Definitely the first triplet of PageRank gives western countries which are better known and historically more powerful. However, the first triplet of CheiRank and 2DRank shows that the communicative power of other countries, even such small as Singapure, dominates on the pages of Wikipedia. This may be a sign of future changes. Let us also note that People's Republic of China is only at 26 position in 2DRank that can be attributed to non-English origin of the country and political separation of historical China (its SJR rank is 4).
According to Wikipedia the top universities are 1. [18] that is about 10% higher than gives the advanced Google search. CheiRank and 2DRank at maximum give around 25% and 35%. These ranks highlight connectivity degree of universities that leads to appearance of significant number of arts, religious and military specialized colleges (12% and 13% respectively for CheiRank and 2DRank) while PageRank has only 1% of them. CheiRank and 2DRank introduce also a larger number of relatively small universities. We argue that such colleges and universities keeps links to their alumni in a significantly better way that increases their ranks.
For personalities the Wikipedia ranking gives 1. [19] is shown in Fig. 8c . Even for the PageRank it is at maximum 35% being around 10% for 2DRank and almost zero for CheiRank. We attribute this to a very broad distribution of personalities in 2D plane (Fig. 3c) and a large variety of human activities which we classify by 5 main categories: politics, religion, arts, science, sport. For top 100 PageRank personalities we have for these categories: 58, 10, 17, 15, 0 respectively. Clearly PageRank overestimates the significance of politicians. For 2DRank we find respectively 24, 5, 62, 7, 2. Thus this rank highlights artistic sides of human activity. For CheiRank we have 15, 1, 52, 16, 16 so that the dominant contribution comes from arts, science and sport. The interesting property of this rank is that it selects many composers, singers, writers, actors. As an interesting feature of CheiRank we note that among scientists it selects those who are not so much known to a broad public but who discovered new objects, e.g. George Lyell who discovered many Australian butterflies or Nikolai Chernykh who discovered many asteroids. CheiRank also selects persons active in several categories of human activity.
Of course, the overlap fraction f gives only the integral overlap between Wikipedia ranking and the selected internationally recognized ranking. It is possible to get more refined comparison taking the window fraction f w of relative number of names being the same inside a certain window of fixed size. We present such type of data for f w in Fig. 9 for a window size of 20 nodes. For countries and universities the values of f w are rather high for top 40 ranks but for higher ranks there is a gradual decrease of f w . We attribute this to increasing fluctuations at large values of rank where each item can move in a significant interval. For personalities the window fraction f w remains rather low. We attribute this to a very broad variety of human activity as discussed above.
When a human activity is fixed in a more precise way then the Wikipedia ranking gives a rather reliable ordering. For example, for 754 physicists (see Fig. 3d) For physicists, who lived at the time of Nobel prize and could get it, we can determine the overlap fraction f as a relative number of Nobel laureates at a given rank value K, K 2 , K * (see curves in Fig. 10a ). In certain aspects, this definition of f for physicists is different from the case of categories in Fig. 8 since here Nobel laureates are in the same listing of Wikipedia ranks of physicists while in Fig. 8 the rank K s is taken from independent classification source. The data for Nobel laureates in Fig. 10a give high average values of f ≈ 0.5 for PageRank and 2DRank, and f ≈ 0.25 for CheiRank. We note that the number of Nobel prizes is not so large and even very notable physicists remained without it (e.g. Thomas Edison, Nikola Tesla, Alexander Graham Bell are those from the top of PageRank who remained without the prize). Hence, the prediction level of f ≈ 0.5 can be considered as rather high.
The window overlap fraction f w for Nobel laureates is shown in Fig. 10b , here inside the window f w gives the relative fraction of Nobel laureates without coincidence of concrete names (Nobel laureates form a sublisting of listing of physicists; note that in Fig. 9 
Discussion
On the basis of presented results we conclude that the ranking of Wikipedia articles allows to rank human knowledge in a rather reliable way. The 2D ranking highlights the properties of articles in a new rich and fruitful manner. We think that such type of 2D ranking will find further useful applications for various complex networks including the WWW.
It would be also interesting to apply the 2D ranking to citation network of Physical Review where PageRank is known to give a reliable ranking of physicists [28, 29] . We suppose that for this network CheiRank will allow to select notable reviews which played an important role in the propagation of knowledge between various fields of physics. It is possible that combination of 2D ranking with other methods of various entities ranking of Wikipedia can be also useful (see e.g. [30] ).
Wikipedia becomes the largest library of human knowledge. "The Library exists ab aeterno" declared Jorge Luis Borges [31] . Thus, the ranking of this enormous amount of knowledge becomes a formidable challenge and we think that the 2D ranking will play for this task a useful and important role.
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